Introduction
There is a well established correlation between annual tree growth increments (hereafter "growth rings") and climate variability. Dendrochronologists have long leveraged this correlation to infer historic climates from growth rings (Fritts 1976) . While understanding past climates is important, a major focus of contemporary forest ecology is understanding the relationship between climate and forest processes. In particular, forest ecologists seek to understand the mechanisms by which climate affects forest productivity-the growth-climate relationship (Littell et al. 2008; Carrer 2011; Leites et al. 2012; Dymond et al. 2015) . Forest productivity is directly related to terrestrial carbon pools and atmosphere-biosphere interactions such that changes in forest productivity may impact the global carbon cycle leading to feedbacks that alter the rate of global climate change (Bonan 2008) . Understanding the mechanisms underlying the growth-climate relationship enables prediction of changes to forest growth under novel future climates and their potential effects on the global carbon cycle. Growth rings are useful data in this regard given their functional connection to radial tree growth, basal area, and above-ground biomass, and their correlation with climate (Babst et al. 2014) .
Forests are dynamic systems. The size (e.g. basal area, biomass), structure, and fundamental processes of tree establishment, growth, mortality, and decomposition that define a forest ecosystem change over time and space in relation to ecological factors including successional stage, species assemblage, disturbance, and forest health. Throughout, we refer to the size, structure, and processes that define a forest ecosystem as the forest ecosystem state. Given the dynamic nature of forest ecosystems, it is reasonable to hypothesize that the effects of climate on tree growth change dependent on forest ecosystem state and as a result vary over time and space. Understanding how the growth-climate relationship changes as a function of ecosystem state is an important step toward learning the mechanisms driving the effects of climate on forest productivity. From a management perspective, the ability to predict changes in forest growth response to climate due to shifts in the forest system is critical to the success of long-term management plans under novel climatic conditions.
Dendrochronology has an extensive literature on techniques to model tree growth as a function of climate that focus on modeling individual growth or average growth for a selection of trees considered "sensitive" to climate, that is, trees that are free of competition, exhibit no growth defects, and are of good health and above average size (Cook and Kairiukstis 1990) . Growth rings are crossdated and standardized to generate a growth chronology that is compared to climate variables of interest using either a correlation analysis or regression model. Regardless of the approach applied, the effect of climate on a growth chronology (i.e. the correlation or regression coefficient) is fixed with respect to time and represents the average effect of climate on growth during the study period. While this approach is effective for reconstructing past climates, to understand the relationship between climate and forest productivity we need to consider the entire forest ecosystem and how the current state of a forest system interacts with climate to affect productivity. This requires: censused tree growth data from closed canopy forests that contain climate and ecosystem dynamics signals-competition, stress, disturbance; and, models that reimagine classical dendrochronology techniques to integrate and account for the biotic and abiotic factors that constitute a forest ecosystem, and complex interactions between these factors and climate. An alternative to the correlation and regression approaches used in dendrochronology to estimate the average effect of climate on tree growth over a period of interest is to apply a state space model that allows the effects of climate to vary over time, space, or both (Cressie and Wikle 2011) . The utility of hierarchical state space models to understand and predict dynamic ecological processes has been demonstrated in studies of biodiversity (Clark et al. 2012 ), population dynamics (Calder et al. 2003; Clark and Bjørnstad 2004; Parslow et al. 2013) , and invasive species (Wikle 2003; Hooten et al. 2007 ). Hierarchical state space models have also been used to assimilate growth ring and diameter tape measurements of radial tree growth (Clark et al. 2007; Schliep et al. 2014 ).
There are several additional improvements that can be made to dendrochronology and forest ecology models to further understanding of the growth-climate relationship. The crossdating and standardization steps used to generate a growth chronology are applied separately and independently in dendrochronology (Cook and Kairiukstis 1990) . Further, the growth chronology is treated as data in subsequent climate analyses. This approach does not account for errors introduced in the crossdating and standardization procedures that may bias inference regarding the effects of climate on tree growth. Forest ecologists are frequently interested in individual tree-level variability in growth responses to climate given this variability reflects microsite, genetic, and inter-tree competition and facilitation effects (Carrer 2011; Galván et al. 2014) . Climate data are frequently defined on a coarse spatial grid (e.g. 1-5 kilometer resolution) with individual observations representing the average climate within a given grid cell. Current approaches to estimate individual-level growth response variability apply spatially coarse climate data to individual trees implicitly treating climate data as if it were observed on a continuous spatial scale and representative of the microclimatic conditions experienced by individual trees. An alternative, preferable approach to current dendrochronology and forest ecology models is to apply a hierarchical or multilevel structure that moves dendrochronology standardization steps into a single model framework allowing for statistically proper error propagation and estimates tree growth response to climate at a spatial scale consistent with climate data. There are several existing model-based approaches to dendrochronology that address some of these issues (Van Deusen 1989; Schofield et al. 2015) . Van Deusen (1989) develops a state space framework to estimate temporally-varying climate effects on annual growth increments. The purpose of the state space framework is to identify shifts in tree growth response to climate attributable to changes in forest density or exogenous factors such as regional air pollution. However, the model framework does not address the issue of the appropriate spatial scale at which to apply climate data. Schofield et al. (2015) develop a model-based approach to climate reconstruction using growth rings that moves standardization steps into a Bayesian hierarchical model (BHM) allowing for proper error propagation, but do not allow climatic effects to evolve over time.
We hypothesize that the effects of climate on annual tree growth vary over time in relation to ecosystem state. We develop a Bayesian hierarchical state space model that builds on the previous work of Van Deusen (1989) and Schofield et al. (2015) to test this hypothesis. The BHM allows for: 1) the effects of climate on tree growth to vary over time; 2) proper error propagation across dendrochronology standardization steps; and, 3) inference on climate variables at a spatial scale consistent with climate data. We test our hypothesis by applying the model to growth ring records from closed canopy forests in northeastern Minnesota, analyzing the evolution of climate effects over the study period in relation to ecological factors that impact forest ecosystem state. In addition to testing our hypothesis, the goal of the analysis is to demonstrate the additional insight gained regarding the effects of climate on tree growth by allowing the growth-climate relationship to vary over time in relation to ecosystem state.
Modeling Approach
We apply two models to estimate tree growth as a function of climate. The first serves as our base model and moves dendrochronology standardization steps into a BHM. We refer to this model throughout as the fixed climate effects model. The second model extends the fixed climate effects model to estimate temporally-varying climate effects using a Bayesian state space approach. We refer to this model throughout as the variable climate effects model.
Fixed Climate Effects
The fixed climate effects (FCE) model mimics a dendrochronology analysis where the objective is to estimate the average effect of a set of climate variables on annual tree growth over a study period. The goal of the FCE model is to move dendrochronology standardization steps into a BHM allowing for statistically proper error propagation and to apply climate observations at an appropriate spatial scale. We begin by decomposing individual tree growth rings into component sources of variability. Specifically,
where the long-term trend captures low-frequency changes in growth due to tree size and age, the inter-annual variability captures high-frequency changes in growth thought to be driven by climate, and the random error term captures residual variability. Long-Term Trend: A smoothing spline is commonly applied in dendrochronology to model the long-term, low-frequency trend in individual growth attributable to tree size and age (Cook and Peters 1981) . Smoothing splines are a highly flexible method to model natural phenomena using a set of polynomial basis functions (Wood 2006) . Alternatives to a smoothing spline include a negative exponential regression model or a generalized additive model (Cook 1987; Fajardo and McIntire 2012) . We apply a penalized spline regression model instead of a smoothing spline as it achieves equivalent smoothing with fewer model parameters (Wood 2006) . Unlike a smoothing spline in which knots are defined for every observation, in a penalized spline regression model, a set of knots less than or equal to the number of observations is specified and regression coefficients are penalized such that the coefficient values for non-informative knots are forced to zero (see Appendix A for additional detail). We apply natural cubic spline basis functions evaluated at equally spaced knots defined for tree age to estimate the long-term growth trend.
Inter-Annual Variability: High-frequency, inter-annual growth variability is frequently shared across individual trees within a forest stand, hence the use of growth chronologies in studies of tree growth and climate. We model inter-annual growth variability with an additive annual stand effect that represents the average deviation of each tree within a stand from the tree's long-term growth trend within a given year. Inter-annual variation in the additive stand effect is in turn modeled as a function of observed climate. The coarse spatial scale of climate observations is consistent with forest stand-level growth response rather than individual tree growth response (Zhu et al. 2014 ). The use of climate observations to estimate annual stand effects acknowledges the shared response to climate among trees within a stand and applies climate observations at an appropriate spatial scale.
Random Error: The residual error is modeled using an autoregressive process to explicitly account for temporal autocorrelation in annual tree growth increments. Specifically, we apply a first order autoregressive (AR1) model for the residual error. We note the residual error can also be modeled as a function of the mean growth increment to account for heteroscedasticity. We did not choose to do so here.
Log Transformation: We model annual tree growth increments on the log-scale to ensure positive growth estimates consistent with Clark et al. (2007) . Log transforming growth increments results in multiplicative errors equivalent to modeling non-transformed growth increments using a negative exponential model (as discussed in Schofield et al. 2015) . Log transforming growth increments also reduces the heteroscedasticity frequently observed in tree growth ring records.
Model Specification: Combining the component sources of variability and log transformation, we model annual tree growth increments in a BHM as follows. Let i index individual trees (i = 1, . . . , n), j index stands (j = 1, . . . , k), and t index years (t = 1, . . . , T ) where n, k, and T are the total number of trees, stands, and years, respectively. Let j(i) indicate the stand j in which the ith tree is located (e.g. j(i) = 3 indicates the ith tree is located in stand 3). Finally, define y to be the observed growth increment, such that y i,t is the observed growth increment for tree i in year t. Individual tree growth is modeled as,
(1)
where x i,t is a p-dimensional vector of known covariate values corresponding to a set of natural cubic spline basis functions defined for tree age at p knots, β i is a p-dimensional vector of tree-specific spline regression coefficients, α j(i),t is the additive effect of being located in stand j during year t, and i,t is the residual error. The residual error is modeled as an AR1 process where φ is an unknown correlation coefficient and e i,t is a pure error term (2). We assume the pure error term follows a zero-centered normal distribution with pure error variance σ
where the i,t 's are temporally correlated. Specifically, Cor
where h is the lag, h = 0, . . . , T i , given tree i is observed for a total of T i years. We assume the growth of individual trees within and across stands is independent based on exploratory analysis assessing spatial dependence ( i,t ⊥ i ,t ∀ i = i , t = 1, . . . , T i , and t = 1, . . . , T i ). Stand effects are modeled using observed climate as,
where f j,t is an l-dimensional vector of observed, standardized climate covariates, θ is an l-dimensional vector of regression coefficients, and v j,t is a random error term assumed to follow a zero-centered normal distribution with inter-annual variance τ 2 . We assume stand effects are independent with respect to time both within and across stands.
We apply conjugate normal priors for the individual tree-level spline and stand-level climate regression coefficients,
where S is a p × p penalty matrix defined based on knot locations (see details in Appendix A), I is an l-dimensional identity matrix, and µ β , σ 2 β , µ θ , and σ 2 θ are hyperparameters. We apply uniform priors for the AR1 correlation coefficient (ensuring the autoregressive process is stationary) and the pure error and inter-annual standard deviation parameters (Gelman 2006) ,
The hierarchical model is fully specified after setting hyperparameter values for prior distributions (µ β , σ 2 β , µ θ , σ 2 θ , a 1 , b 1 , a 2 , b 2 ). We discuss hyperparameter values in the Bayesian inference section.
Variable Climate Effects
The variable climate effects (VCE) model extends the FCE model to allow climate regression coefficients (θ) to vary over time. The goal of the VCE model is to analyze stand-level growth sensitivity to climate variation in relation to forest ecosystem state. The climate regression coefficients are treated as state variables in the VCE model and evolve over time such that a unique set of climate coefficients is estimated for each year in the study period (θ 1 , θ 2 , . . . , θ T ). The time-varying process is initialized at θ 0 with all subsequent θ t values informed by the set of stand effects in the same year α t = (α 1,t , . . . , α kt,t ) where k t is the number of stands with growth observations in year t. The stand effects are informed by individual tree growth observations y t = (y 1,t , . . . , y nt,t ) where n t is the number of trees with observed growth increments in year t. The time-varying climate coefficient model structure is represented graphically in Figure 1. [ Figure 1 about here.] The tree-level model is unchanged in the VCE model. The stand-level model is updated to integrate time-varying climate coefficients. We also add a model for the evolution of climate effects over time. We apply a first order random walk to model changes in the climate coefficients as follows,
where w t is an l-dimensional process error vector following a zero-centered multivariate normal distribution with covariance matrix Σ θ . Equations (4) and (5) We apply a conjugate normal prior to initialize the climate coefficient process and a scaled inverse-Wishart prior for the process error covariance matrix (as described in Gelman et al. 2014 ),
where η is an l-dimensional vector of scale parameters each assigned a uniform prior distribution, Diag(η) indicates an l-dimensional diagonal matrix with values of η on the diagonal, and Σ(η) is an l-dimensional correlation matrix. All other priors remain the same as in the FCE model. Again, the model is fully specified after setting hyperparameter values for prior distributions (m 0 , C 0 , ν, V, a 3 , b 3 ). Figure 2 provides a schematic representation of the FCE and VCE models.
[ Figure 2 about here.]
Bayesian Inference
We use Markov chain Monte Carlo (MCMC) algorithms to estimate model parameters using Gibbs sampling (Gelfand and Smith 1990) . Specific implementation of our Gibbs sampler is discussed in Appendix A. We apply diffuse normal prior distributions for the FCE regression parameters setting µ β and µ θ equal to zero, σ 2 β equal to 250, and σ 2 θ equal to 1e7/k. The scalar variance hyperparameter for β i serves as a tuning parameter controlling the degree of smoothness of the penalized spline regression model. We selected a value of 250 based on a gridded search matching as closely as possible penalized spline regression residuals with residuals from a relatively stiff smoothing spline representative of those applied in conventional dendrochronology analyses (i.e. 50 percent frequency response; see Appendix A). We apply non-informative uniform priors for the pure error (σ pe ) and inter-annual (τ ) standard deviations, but constrain values to an appropriate order of magnitude based on exploratory analysis setting a 1 and a 2 to 0.0001 and b 1 and b 2 to 10.
The same hyperparameter values for σ 2 β , a 1 , b 1 , a 2 and b 2 are used in the VCE model. The climate coefficient evolution is initialized using a diffuse normal distribution with m 0 = 0 and C 0 = Diag(1e3). The temporally-varying climate coefficient estimates are updated using a Kalman filter nested within a Gibbs sampler. We set ν = l + 1 and V = I (per Gelman et al. 2014 ). Finally, we set a 3 = 0 and b 3 = 1 constraining the η s 's to an appropriate order of magnitude based on exploratory analysis.
Data

Tree Growth Data
Tree growth data was collected in 2010 from 35 forest stands in and around Superior National Forest in northeastern Minnesota (Figure 3 ; Foster et al. 2014 ). Stands were selected to represent the predominant forest communities in the broader geographical area based on National Forest Inventory and Analysis data from 2004 to 2008. Specific forest types sampled include aspen/birch, northern hardwood, spruce/fir, mixed pine, and jack pine. Three 400-m 2 circular plots were established within each stand at least 28 m apart. Increment cores were collected at breast height (1.3 m) from all live trees with a diameter at breast height (DBH) larger than 10 cm. Increment cores were measured using a Velmex measuring stage and crossdated according to standard dendrochronological techniques (Holmes 1983; Yamaguchi 1991) . Given issues identifying and measuring recent growth increments, 2007 is the most-recent year for which growth data exist for all trees sampled.
[ Figure 3 about here.] The DBH and species of sample trees were recorded and tree locations were mapped (relative to plot center). Tree age was estimated by defining the pith as the recruitment year and counting the number of growth rings from recruitment to present. Data exist for 2,291 trees representing 15 unique species located across 105 forest plots (Table 1) . Sampled forest stands are assumed to have established following a land-clearing disturbance event (e.g. timber harvest or fire). Stand age was estimated by setting the year of establishment equal to the 25th percentile of the tree recruitment year distribution for each stand. The start of the study period is set to 1897 to be consistent with the earliest available climate data, although the growth records for a subset of trees date back before 1897 (study period = 1897 to 2007). As is the case with nearly all dendrochronology datasets, the number of trees and stands observed each year increases with time reflecting trees that established between the start and end of the study period.
[ Table 1 about here.]
Forest Tent Caterpillar
The forest tent caterpillar (Malacosoma disstria) is an important defoliating insect in northeastern Minnesota. There have been several forest tent caterpillar (FTC) outbreaks in the region during the study period. Most notably, FTC outbreaks resulted in significant defoliation of susceptible trees during the following periods: 1951 -1959 1964 -1972 1989 -1995 2000 (Reinikainen et al. 2012 ). FTC defoliation in 2001 was particularly severe with greater than 7.5 million acres of susceptible hardwood forests suffering defoliation (Albers et al. 2014 ). Study species that are known FTC hosts include: Acer saccharum (sugar maple), Betula papyrifera (paper birch), Populus grandidentata (big-tooth aspen), P. tremuloides (quaking aspen), and Quercus rubra (red oak).
Climate Data
Mean monthly temperature and precipitation estimates were obtained for the study period at a 4-km resolution from PRISM (PRISM Climate Group 2013). Climate data were assigned to individual stands by intersecting plot centroids with the PRISM grid, averaging climate observations across the three stand plots if they fell within different grid cells (occurs for 3 out of 35 stands). A number of studies have shown that temperature and precipitation are poorly correlated with plant distribution and growth in comparison to water balance metrics that translate raw climate observations into variables with direct physiological relevance to plant function (Stephenson 1998; Dyer 2004; Lutz et al. 2010 ). We derived monthly values of potential evapotranspiration (PET), actual evapotranspiration (AET), climatic water deficit (DEF: PET -AET), and mean snow pack using a modified Thornthwaite-type water balance model (Lutz et al. 2010 ; see Appendix B for details). We calculated seasonal aggregations for each variable where relevant as detailed in Table 2 for a total of 28 climate variables.
[ Table 2 about here.] Bayesian Variable Selection: We applied the Bayesian Lasso to select a reduced set of climate variables with the greatest effect on annual tree growth (Park and Casella 2008) . While not a formal model-based variable selection technique, the Bayesian Lasso shrinks the coefficient values for unimportant variables to zero in a regression model. We chose to apply the Bayesian Lasso given its ability to accommodate collinear variables since many of our climate variables were correlated. Additional details on the Bayesian Lasso and its implementation are provided in Appendix A. The 28 climate variables were pared down to a final set of five climate variables: Fall DEF (FAL-DEF), Spring DEF (SPR-DEF), Summer DEF (SUM-DEF), Summer DEF in the year previous to the year of growth (SUM-DEF-LAG), and mean annual snow pack (SNOW). All model results are restricted to this final set of climate variables.
Results
FCE Model
There is strong evidence that annual stand-level tree growth is sensitive to variability in climatic water deficit and snow pack. Specifically, the four deficit variables (FAL-DEF, SPR-DEF, SUM-DEF, SUM-DEF-LAG), where larger values indicate greater water deficit, negatively affected mean annual growth at the stand level, while SNOW positively affected mean annual growth at the stand level (Figure 4) . The SNOW variable captures spring recharge of the soil water given the parametrization of the water balance model (see Appendix B). Thus, there is evidence that tree growth in northeastern Minnesota over the last 100 years responds strongly to water availability. The climate coefficient estimates under the FCE model represent the average effects of the five climate variables over the study period.
[ Figure 4 about here.]
VCE Model
Estimates of annual effects for each of the five climate variables are obtained applying the VCE model. The evolution of each variable over time is presented in Figure 5 . The results of the VCE model differ from the FCE model. The temporally-varying effects of each climate variable are centered around zero. There is no evidence that mean annual growth at the stand level is sensitive to fall deficit in any year during the study period (Figure 5a ). For all other deficit variables and snow pack, there is evidence that mean annual growth at the stand level is sensitive to each variable in a subset of years (SPR-DEF: 1952; SUM-DEF: 1910 , 1961 SUM-DEF-LAG: 1945 , 1988 -1994 SNOW: 1952 SNOW: -1953 SNOW: , 1967 SNOW: -1969 SNOW: , 1986 with no evidence of sensitivity to climate variables in the majority of years (Figure 5b-e) .
[ Figure 5 about here.] Increased sensitivity to summer deficit occurs in years with large observed summer deficit values (Figure 6b) . In particular, a large drought event occurred in northern Minnesota in 1910 leading to increased fire activity (Clark 1989) . Increased sensitivity to all other deficit variables and snow pack does not correspond with climate extremes-that is, years exhibiting large deviations from the mean climate variable value for the study period (Figure 6a,c-d) . Rather, there is evidence of correspondence between increased sensitivity to spring deficit (1952), lagged summer deficit (1988) (1989) (1990) (1991) (1992) (1993) (1994) , and snow pack (1952) (1953) (1967) (1968) (1969) and the occurrence of regional FTC outbreaks. Further investigation suggests that during periods of correspondence between regional FTC outbreaks and increased sensitivity to climate, the species of trees driving large, stand-level growth decreases relative to mean annual growth in all study stands (indicative of FTC defoliation) are FTC hosts (Figure 7 ).
[ Figure 6 about here.] [ Figure 7 about here.]
Forecasting Tree Growth
The goal of the current analysis is inference regarding the effects of climate variability on annual tree growth. However, both the FCE and VCE models can be used to forecast future tree growth as a function of climate. We applied both models to the northeastern Minnesota dataset holding out the last five years of the study period (2003) (2004) (2005) (2006) (2007) . The predictive performance of the FCE and VCE models is roughly equivalent based on continuous ranked probability score, root mean square prediction error, coverage rate, and credible interval width (Table 3 ; see Appendix A for details on scoring statistics). Individual tree growth forecasts using the VCE model are presented for a selection of trees in Figure 8 . Results are comparable applying the FCE model.
[ Table 3 about here.] [ Figure 8 about here.] 6 Discussion
Fixed Climate Effects
The Bayesian Lasso allows us to identify the most important climate variables from a large set with no a priori decisions about which variables to consider and without adjustments for collinearity (Hooten and Hobbs 2015) . The value of such a tool in analyses of the effects of climate on ecological processes is great and has not been previously employed in climate ecology studies. We find that water balance variables (climatic water deficit and snow pack) have the greatest impact on inter-annual tree growth in northeastern Minnesota. Water availability is particularly important in the study region where soils are largely formed from glacial till with poor water retention and summers can be quite dry. It is surprising that in a region as cold as northeastern Minnesota, where temperature might be considered to have the greatest effect on inter-annual tree growth, the Bayesian Lasso identifies water balance variables capturing the interaction between temperature and precipitation as more important than temperature metrics alone. The results of the FCE model indicate that tree growth is sensitive to all five water balance variables selected by the Bayesian Lasso over the study period with climatic water deficit exhibiting negative growth effects regardless of season, and snow pack (a measure of spring soil water recharge) exhibiting positive growth effects.
Variable Climate Effects
The results of the VCE model support our hypothesis that tree growth response to climate variability is not fixed with respect to time. The VCE model results suggest that tree growth is sensitive to the most important climate variables in punctuated intervals of one to several years. There is no evidence that tree growth is sensitive to any of the five climate variables during the study period outside of these intervals. A potential cause for short intervals of increased tree growth sensitivity to climate is large annual deviations from long-term mean climate conditions (i.e. climate extremes). The frequency of climate extremes are forecast to increase with global climate change. The VCE model allows for comparison of tree growth response to climate under extreme conditions relative to average climatic conditions. In northeastern Minnesota, tree growth exhibits greater sensitivity to summer deficit during drought years (1910, 1961) . For all other climate variables, years in which there is evidence of increased growth sensitivity do not correspond to extreme climate years. This implies that increased sensitivity to climate results from complex interactions involving multiple climate variables and forest ecosystem state. The observed correspondence between FTC outbreaks and increased climate sensitivity in the study region supports this hypothesis. The FCE model does not allow for any inference regarding changes in tree growth sensitivity to climate over time. Instead, there are strong average effects of each climate variable over the entire study period.
Some of the decrease in tree growth sensitivity to climate under the VCE model versus FCE model may be due to the reduced sample size used to estimate climate coefficients. At most 35 stand effects are available to inform annual climate coefficient sets under the VCE model (one effect for each stand), whereas stand effects are pooled across years in the FCE model such that climate coefficients are estimated using 2,764 stand effects. The process equation for temporally-varying climate coefficients (Equation 5) drives the evolution of climate effects when there are insufficient data (stand effects) to constrain coefficient estimates. If annual sample sizes were increased leading to higher tree growth sensitivity to climate in all years under the VCE model, we expect the periods highlighted in Figure 5 to still exhibit increased sensitivity to climate relative to other years in the study period thereby maintaining the correspondence with FTC outbreaks demonstrated in Figure 6 .
There is a well studied interaction between FTC defoliation and tree sensitivity to limited water availability with drought events frequently preceding FTC outbreaks (Mattson and Haack 1987; Roth et al. 1997 ). In particular, recent decline of aspen in northeastern Minnesota has been linked to a combination of reduced water availability and FTC defoliation with drought events facilitating and prolonging FTC outbreaks (Worrall et al. 2013 ). The observed correspondence between FTC defoliation and increased sensitivity to reduced water availability suggests that FTC defoliation is positively related to water stress and can be explained by several proposed mechanisms: higher concentrations of nitrogen and simple sugars in the leaves of drought-stressed trees facilitate FTC survival and growth; increased leaf temperatures due to reduced stomatal conductance under drought conditions provide more hospitable and attractive habitat for the FTC; and, drought stress lessens the effectiveness of trees' natural defenses (Mattson and Haack 1987) . While the interaction between FTC defoliation and drought is established, the VCE model is novel in that it allows for analysis of changes in tree growth response to limited water availability during periods of insect disturbance. The connection between the FTC and increased sensitivity to water balance variables in the study region is qualitative as we lack data on if and when specific stands were impacted by the FTC. To the extent that such data exist, changes in the growth-climate relationship can be modeled explicitly as a function of FTC presence-absence.
The correspondence between FTC outbreaks and increased sensitivity to water balance observed in northeastern Minnesota is just one example of the additional inference regarding changes in the growth-climate relationship over time made possible by the VCE modeling approach. The VCE model can also be applied to study the temporal interaction between climate and non-FTC disturbances (e.g. other forest pests, fire, management) or dynamic forest processes including succession and stand development. Such applications require data on factors affecting the health and state of the forest ecosystem (e.g. pest presence-absence, stem density, species assemblage) in addition to tree growth records. The VCE model can be extended to explicitly predict changes in the growth-climate relationship as a function of these factors given that relevant data exist. We discuss several specific extensions of the VCE model aimed at improving understanding of the interactive effects of climate and ecosystem state on forest productivity in the Model Extensions section. Importantly, traditional dendrochronology and forest ecology models that estimate the average effect of climate on tree growth over time-as in the FCE model-are not able to identify temporal changes in the growth-climate relationship and, hence, do not offer any of the additional inferences described here.
Forest Management Implications
Much of modern applied forest ecology focuses on understanding the effects of climate on forest processes in order to develop management strategies to maintain the composition and structure of existing forest types under climate change. The results of the VCE model imply that it is not enough to understand the relationship between individual tree growth and climate without considering the forest ecosystem as a whole and how shifts in the forest system affect the growth-climate relationship. To be effective, forest management strategies must integrate the effects of climate on forest productivity with the state of the forest system as determined by ecological factors such as stand composition, stem density, disturbance regime, and management history. Strategies need to account for the dynamic nature of forests, modifying applied management over time as the state of the forest ecosystem changes. Of particular importance is the finding that tree growth is not sensitive to climate in the majority of years with increased sensitivity during periods of disturbance. This creates a potentially challenging scenario for forest management in which forest growth is resilient to changing climate until an exogenous factor such as a disturbance event alters the forest ecosystem state leading to sudden changes in forest productivity that may result in significant biomass losses. While perhaps not damaging at a local scale, if large biomass losses were to occur at a regional scale it might affect terrestrial carbon pools with direct ramifications for the global carbon cycle.
Ecological Application
The FCE and VCE model frameworks are not limited to tree growth ring applications. They can be applied in any analysis where interest is in understanding the effects of climate on an ecological process. The FCE model provides a statistically valid approach to integrate coarse-resolution climate data with individual-level observations common in ecological analyses.
The VCE model allows the effects of climate on an ecological process to be analyzed in relation to ecosystem state. We suspect that a wide variety of ecosystems and ecological processes exhibit the same varied effects of climate over time due to shifts in ecosystem state that we observe in the current study. The only requirement for application of the VCE model is appropriate data: repeated measurements through time with sufficient sample size at each time point to inform coefficient estimates.
We note if interest is in forecasting an ecological process as a function of climate, the FCE and VCE models perform equally well. The FCE model is simpler and easier to fit than the VCE model and is preferred if interest is in prediction alone. The VCE model is preferred if interest is in understanding the effect of climate on an ecological process as it offers additional insight regarding changes in the climate-process relationship without sacrificing predictive performance.
Model Extensions
There are several possible extensions to the VCE model aimed at improving understanding of the interactive effects of ecosystem dynamics and climate on forest productivity and health. Analyzing the effects of climate on the entire forest ecosystem requires the use of censused tree growth ring records collected in closed canopy forests where growth is affected by inter-tree competition and microsite variation in addition to climate. An important question is whether these closed canopy records should be detrended to remove the effects of tree size and age. Such records frequently do not exhibit the expected negative exponential decrease in annual growth increment over time. Instead, closed canopy records show the effects of past forest dynamics with distinct periods of growth suppression and release (from competition). In smoothing over such periods through the use of flexible spline-based models, we may remove important ecosystem dynamics signals. An alternative approach is to replace the detrending component of the VCE model with a forest growth process model that explicitly represents forest stand dynamics (e.g. SORTIE). This would partition the effects of forest dynamics and climate on tree growth and allow for closer examination of climate effects in relation to ecosystem state. A second extension of the VCE model with the same goal in mind is to replace the random walk model for the evolution of climate effects over time with a model that incorporates ecological factors known to affect forest ecosystem state including pest presence-absence, stand density, and percent canopy cover. In northeastern Minnesota, for example, change in climate effects over time could be modeled as a function of FTC presence-absence (we lack the necessary data to apply this approach in the current analysis). Models would initially be phenomenological, but as understanding of the factors driving changes in the growth-climate relationship improved, could be updated with mechanistic process models.
Finally, we note our current approach of mapping climate observations to forest stands by intersecting stand centroids with coarse climate grid cells is ad hoc; although, it is an improvement over current studies that apply gridded climate data at the scale of individual trees. An alternative is to develop a formal spatial model to map coarse climate observations to forest stands. Such a model would account for the spatial dependence structure that exists in climate data and explicitly estimate uncertainty introduced by applying climate data at a new spatial scale.
Conclusions
We have demonstrated the relationship between climate and tree growth is not constant with respect to time, but varies in relation to forest ecosystem state. In northeastern Minnesota, forests exhibit heightened sensitivity to water availability during FTC outbreak years. Changes in tree growth sensitivity to climate are not observable fitting conventional models that estimate the average effect of climate on growth over time. While the interaction between drought stress and FTC outbreaks has been previously established, a model for tree growth as a function of climate capable of identifying changes in the growth-climate relationship due to this interaction is novel.
The results of this study underscore the importance of considering the entire forest ecosystem when studying the effects of climate on forest productivity. To this end, the VCE model provides a powerful framework for understanding the interaction between ecosystem dynamics and climate on forest growth and health. The VCE model has broad application in ecology offering valuable insight to any study where the goal is understanding the effects of climate on ecological processes. 1907 1917 1927 1937 1947 1957 1967 1977 1987 1997 2007 Years Climate Coef. 1907 1917 1927 1937 1947 1957 1967 1977 1987 1997 2007 Years Climate Coef. 1907 1917 1927 1937 1947 1957 1967 1977 1987 1997 2007 
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